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Abstract—The emergence of Web 2.0 and ubiquitous mobile
platforms makes it possible to collect a vast amount of information contributed by people (VGI). For example, crowdsourcing applications collect information from domains such as
biodiversity, urban planning, and risk management, and other
sources such as social media connect citizens that exchange
voluntarily huge amount of posts on platforms like Twitter,
Flickr, and Facebook. VGI differs from data coming from sensors,
simulations, and mathematical models. It is highly dependent on
the human wills to share the information, and the background
and knowledge of the user, which introduces uncertainy. In
this paper, we explore different dimensions of VGI uncertainty
from the perspective of the human that contributes with the
data, as well as the technology and systems used to collect the
data. Our contributions include a new taxonomy that explicitly
differentiates among the uncertainty introduced by the humans,
we named User-Uncertainty and analyzed it at different steps
of the Visual Analytics Workflow, and several use cases that
illustrate our approach for the case of User-Uncertainty coming
from the producers. We conclude our paper with a discussion
about the potential uses and future work to be done to understand
User-Uncertainty.
Index Terms—VGI, Visual Analytics, Uncertainty

I. I NTRODUCTION
With the emergence of Web 2.0 and ubiquitous mobile platforms people can contribute vast amount of information, voluntarily, in space and time to different platforms and purposes.
This information contributed by people can be framed into the
term volunteered-geographic information (VGI). Goodchild
coined the term VGI [5] as geographic information that is
provided voluntarily, that presents inaccuracies and it is mostly
provided by untrained people. VGI has become an important
source of information for many stakeholders in different
contexts [5], [12]. It feeds systems to model human behavior,

environmental phenomena, species distribution models, and it
is used in risk management and decision-making, as many of
other application areas. The analysis of the VGI uncertainty is
essential to increase the users’ trustability on the models and
systems. Visual Analytics has been preached for almost two
decades the need of including ”the human in the loop” to make
sense of the data, the intermediate process, and final results.
Paradoxically, to include ”the user in the loop” to optimize
the analytic process also implies to tackle the uncertainty
introduced by the users as part of the human reasoning and
decision making.
VGI differs from data coming from sensors, simulations,
and mathematical models because it is highly dependent on
the human. Humans are the producers and the consumers of
VGI. The ”human factor” introduces a new type of uncertainty
into the analytic workflow. This uncertainty can be found when
the VGI is input into the system, at each intermediate step of
the visual analytic process, and at the very last step, when
the results of the analytic process are communicated through
reports and visual abstractions. Our goal is to analyze the
humans factors of the uncertainty in VGI, which we enclosed
into the term User-Uncertainty. We also study its interrelation
with the spatial, temporal, and thematic uncertainty types
introduced in previous literature.
The study of User-Uncertainty poses some challenging
questions. Among them:
•
•

How the User-Uncertainty is embedded in the contributed
VGI?
How the communication of User-Uncertainty can help
stakeholders and decision makers to improve their tasks
workflow?

What are the plausible qualitative and quantitative methods to analyze the User-Uncertainty through the process?
In this paper, we define User-Uncertainty as a new type of
uncertainty coming from the conceptualizations, actions, and
decision making of VGI users. We propose a new taxonomy
that includes User-Uncertainty, and discuss its interrelations
with spatial, temporal, and thematic uncertainty. We conclude
our paper with a discussion of our new classification in the
light of the above-mentioned research questions.
•

II. R ELATED W ORK
We divide the related work into two main aspects: (1) a
review of current visual analytics models of uncertainty, and
(2) a review of different existing taxonomies and classifications
of VGI Uncertainty.
A. Visual Analytics Models of Uncertainty for VGI
During the last years, the study of the uncertainty and
its propagation through the visual analytics workflow has
gained popularity. Dasgupta et al. [4] analyzed the visual
uncertainty in visual representations to construct more efficient
visualizations. They distinguished between data-uncertainty
and visual uncertainty and analyzed points of intersection, for
example, when the geometric abstraction is considered as part
of visual uncertainty but could also be considered as part of the
data-uncertainty. Early, in 2015, MacEachren [9] proposed to
consider the propagation of uncertainty through the whole VA
workflow rather than just the visualization of the uncertainty
at the end of the pipeline. He illustrated current challenges
and possible approaches to tackle uncertainty using definitions
from decision sciences. In this work, we take a similar
approach but we analyze uncertainty at a deeper level, also
considering the interrelationship between data-uncertainty and
User-Uncertainty. Kinkeldey et al. [8] analyzed the impact of
visually represented geodata uncertainty on decision-making,
addressed possible approaches for the evaluation of uncertainty in visualizations [7]. Sacha et al. [12] also presented
a knowledge generation model that considers the uncertainty
of the data and the propagation of uncertainties through the
visual analytics workflow. In this work, the authors associated
the term uncertainty and accuracy to the data processing and
trustworthiness to humans perceptual and cognitive biases.
Chen et al. [2] described the concept of ”soft knowledge”
as information coming from analysts’ intuition, theories and
beliefs. The uncertainty could come from incomplete, noisy,
or contradictory data. It can also be introduced by the user
in form of soft knowledge and affected by prior information
(previous observations, experimentation, analytic conclusions).
The authors proposed a theoretical framework based on information theory to characterize the propagation of knowledge
through the data intelligence pipeline.
B. Uncertainty Classification
Senaratne et al [13] provided a comprehensive survey of existing quality measures that are used as uncertainty indicators

for VGI. The authors collected papers from the state-of-theart where those measures where presented or used in different
kind of information, as text-based, image-based, and mapbased types. Although previous work mentioned the humans
factors of VGI, they do not explicitly separated them as a
different concept. We propose a taxonomy that make explicit
the humans factors in account of uncertainty. Therefore, we
investigated how humans, in particular as producers and
consumers of information, deal with uncertainty. There is a
vast literature about the relationship between the uncertainty
perceived by the user and decision-making [1], [11], some of
them, from the visual analytics community [7]–[9]. Tannert et
al. [14] proposed a taxonomy of uncertainty from the point
of view of decision making, where the user is confronted
to specific events. They analyzed uncertainty related to its
impacts to decision making, risks, and dangers. In our approach, we provide both a classification of the uncertainty
coming from the characteristics of the data (data-uncertainty)
and the uncertainty inherent to the user that create, analyze,
and communicate the information (user-uncertainty).
III. U NCERTAINTY TAXONOMY
We propose a taxonomy that includes both data-uncertainty
and user-uncertainty (see figure 1). We include into datauncertainty the kind of uncertainty that is inherent to data
management and the technology used to collect the data.
Examples of data-uncertainty are related to the precision of
the instruments for gathering the data, or the fusion of data
sources with different resolutions, or from inconsistencies
among heterogeneous data sources. We use the state-of-the-art
classification of the data-uncertainty based on the data type and
the ISO quality standards [6]: spatial-, temporal-, thematicuncertainty, completeness, and consistency.
We define User-Uncertainty as the human uncertainty inherent in VGI, that is introduced into the visual analytics
workflow every time the user interacts with the system. UserUncertainty comes from the way humans give meaning or
conceptualize facts, or by the way they action to a specific
event. When dealing with VGI, the human conceptualizations
and decision-making influence the uncertainty through the
complete visual analytics workflow, the human is in the loop
and therfore, the uncertainty is in the loop as well.
A. Data-Uncertainty
We address our taxonomy from the decision making point of
view because it fits very well to the visual analytics workflow.
The user has to reason about facts and make decisions all along
the workflow, producing and consuming VGI. For example,
when he posts a tweet, the producer makes a decision about
what to post and how much to disclose about what he knows.
The top-level of our hierarchy divides uncertainty into
data-uncertainty and user-uncertainty. We divide the datauncertainty branch into explicit and implicit uncertainty similar as described in [3]. Both of them, can be sub-classified as
temporal, spatial, and thematic uncertainty. The sources of this
kind of uncertainty can be for example: loss of information,

Fig. 1. VGI Uncertainty Ontology of data-uncertainty and user-uncertainty.

inaccuracy of the sources, inconsistency, irregular sampling,
etc.
B. User-Uncertainty
The producers are the volunteers that input the data into the
system. The consumers are the analysts or decision makers
that work with the data to solve specific problems.
We divide the user-uncertainty branch depending on the
type of human conceptualization: soft-conceptualization and
hard-conceptualization. The conceptualization, as ”an abstract simplified view of some selected part of the world” [15]
can be affected in different ways. We have classified them into
four main categories: intentional, by ignorance, by a strong
belief or bias named in literature as ”Galileo Effect” [14], and
by ambiguity as the state where there is no scientific method
to determine one or another direction to go.
C. Uncertainty in the Visual Analytics Loop
We illustrate our taxonomy ontology in each step of the
visual analytics workflow, according to spatial, temporal, thematic, and entity of VGI features (Fig. 2). In each step of the
workflow, there can be user-uncertainty and data-uncertainty.
For example, in spatial analysis, the processing techniques may
lead to spatial detail loss, e.g. using statistic results of spatial
distribution. In such case, the data-uncertainty is introduced.
In the other perspective, users could make mistakes, misjudge or ignore some parts of the spatial distribution, which
involves user-uncertainty. Such uncertainty should be taken
into account because of the user’s role in the loop. More
examples can be referred from the proposed ontology in each
visual analytics process.
IV. A PPLICABILITY
To illustrate the applicability of our taxonomy we present
several real examples of traffic-related tweets in the context

of a highly populated city. These examples focus only on
the user as a producer of VGI. Further investigation needs
to be done on visual assessment systems that can help us to
understand the user-uncertainty introduced by the consumer.
The following scenarios illustrate how the user-uncertainty
relates to the thematic, spatial, and temporal aspects of datauncertainty.
We focus our case study on the expressions of uncertainty
contained on the tweets. In this scenarios, we consider that
people may express their uncertainty through some action.
We used verb or adjective form of different conceptualization
aspects (e.g., ignorance → ignore; confusion → confused;
completeness → complete; belief → believe). We use the
keyword-based approach shown in figure 3 to analyze the
tweets. To develop our lexicon for the user-uncertainty, we
leverage a graph-based lexical dictionary which models the
semantic relationship between different words. We use Wordnet [10] to create the synsets clusters of synonyms. It is
plausible that a given word may appear in different synsets
based on its semantics.
The following scenarios tackle the first research question:
(1) ”How the user-uncertainty introduced by the producers
is embedded in the information?”. We collected some tweets
tweeted by people in a highly populated city, related to traffic
events in the city. We analyze each tweet considering useruncertainty, and spatial, temporal and thematic uncertainty.
The names of the roads and cities were anonymized.
Tweet 1 . Daily heavy traffic in anonymized road,,, no
support from govt, wasting hell lot of fuel daily..... Govt
ignore....
In this tweet, the producer contributed traffic information
on a daily basis. The spatial scope is the anonymized road.
However, it is not mentioned where exactly traffic takes place
on that road. In this tweet, the producer also expressed his

Fig. 2. VGI Uncertainty Ontology with illustrative examples for a visual analytics Workflow, including data acquisition (producer), data processing (consumer),
data analysis (consumer) and data visualization (consumer).

In this tweet, the producer informed about an accident in
anonymized-city, however, with a very high spatial uncertainty
as it is not yet understood where the accident took place.
The information also involves high temporal uncertainty. The
producer also expressed strong belief of authority negligence
to the transport infrastructure.
Tweet 4. The car parked right in the middle of the road
anonymized near anonymized Stn next to anonymized shopping
centre ths is causing traffic jams.
It is also observed that producers provide evidence (by
the fact, picture or video or web link) of action and express
their pragmatic belief. In this example, the producer reported
about a traffic jam and illegitimate parking as the reason.
However, while reporting the location of illegitimate parking,
the producer tried to be specific and used a spatial cue, ”near”,
to handle spatial uncertainty in an explicit way.
V. C ONCLUSIONS

Fig. 3. Different clusters of synset elements and their given semantics in the
context of the new proposed taxonomy.

conceptualization of ignorance of the facts by the authority.
Tweet 2. I agree. What is happening in anonymized-city is
that cops are actually being asked to ignore traffic offences
and manage traffic instead. The idea is that the cameras will
do the job. But again, the sheer volumes...
The above tweet reflects the understanding of the producer
regarding the current traffic condition in the city. The tweet
shows the (implicit) belief of the producer that authority has
instructed the cops to overlook traffic offence. This could be
associated with the ”strong belief” uncertainty.
Tweet 3. Railway Derailment Hattrick by anonymized
Govt anonymized-CST Harbor Local Train Derailed in
anonymized-city Coz Gross Neglect of Aging Infrastructure

These examples above show how producers can introduce
uncertainty based on their understanding or state of belief.
More research has to be done to understand how producers
can introduce uncertainty by omission. A possible approach
could be to use the collective behavior of users as a ground
truth to compare with. We only illustrated our concepts using
textual data, but the same uncertainties can also be described
with other VGI data types e.g., media data (Flickr, Instagram),
map data (OpenStreetMap).
In the upcoming work we will continue the development
of our ontological model to leverage the data-uncertainty
and User-Uncertainty through the complete visual analytics
process. We will also tackle the open questions stated in the
introduction about the communication of the User-Uncertainty
to help stakeholders and decision makers to improve their tasks
workflow, and plausible qualitative and quantitative methods
to analyze the User-Uncertainty through the process.
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